Abstract
Introduction
Plant diseases occur in all regions of the globe where there are susceptible hosts, aggressive and virulent pathogens and environmental vulnerability. The climate is capable of influencing population of pathogens and hosts, as well as the result of its interaction, the injuries, or more specifically the disease [1] .
Several studies have been conducted to understand the influence of environmental variables and cultivars in the epidemiology of coffee rust (Hemileia vastatrix Berkeley & Broome) in coffee (Coffea arabica L.) [3, 15, 21, 22] and soybean Asian rust (Phakopsora pachyrhizi H. Sydow & P. Sydow) in soybean (Glycine max L. Merr.) [5, 19, 20, 30] . Based on the information about the effects of environmental variables in epidemics, studies may be conducted to estimate the disease [16, 22] , define the vulnerability of areas to epidemics occurrence [24] and simulate the effects of climate change under future scenarios [6] .
Traditional methods as linear regression and nonlinear regression have been used [2, 3, 15, 27] to assess the intensity of rusts in function of environmental effects, mainly temperature and leaf wetness. However, considering the complexity of disease system, artificial intelligence methods presented satisfactory application as decision support tools for plant disease modeling [4, 12] with improved accuracy and precision when compared to the classical statistical methods [22, 23] . Pinto et al. [22] observed better performance of neural networks, regarding multiple regression models to describe coffee rust, based on air minimum temperature, relative humidity, sunshine and coffee yield. Considering soybean crop, Kim et al.
[12] developed a fuzzy logic system to estimate the apparent infection rate of soybean rust based on 73 experiments conducted at field conditions in Taiwan. In this case, biophysical variables were used to describe the disease intensity in cultivars TK5 and G8587, enabling disease severity estimation with accuracy of 85%. However, in these studies, the influence of the interaction of variables related to the monocyclic process of rusts in Brazilian cultivars, such as average air temperature and leaf wetness period [15, 19] , were not considered in the models development.
Other characteristics that justify the epidemiologic applications of fuzzy systems in plant protection are related to the technical flexibility, ease understanding of concepts, possibility of modeling complex nonlinear functions, development based on expert experience, integration with other techniques, automation and control, use of natural language associated with the models development [10, 13, 17, 28] and because there are no specific measures relative the influence of Marcelo de C. Alves, Luiz G. de Carvalho, Edson A. Pozza, Luciana Sanches Alves variables related to rust epidemiology, such as soil fertility, resistant cultivars, crop yield, climatic variables and management practices, being necessary to create a subjective measure to assess the potential progress of diseases by fuzzy systems [2] .
Thus, assuming that intelligent systems and intelligent hybrid systems, such as fuzzy logic, neural networks, genetic algorithms, neuro-fuzzy systems, fuzzy-genetic, neuro-genetic and neuro-fuzzy-genetic, allowed combination of knowledge, techniques and methodologies of different sources, considering changes in the environment, giving decision support to complex problems solution [11, 33] as well as the importance of coffee and soybean crops in the World and the losses caused by rusts in both cultures, it was aimed at with this work, evaluate the performance of soft computing techniques to describe the effects of temperature and leaf wetness in soybean and coffee rust epidemiology.
Material and Methods
Soybean rust database was obtained through the experiment conducted in growth chambers. Coffee rust database was obtained from studies and bibliographic survey of Akutsu [3], Kushalappa et al. [15] and Zambolim [36] . Experimental details can be obtained on Akutsu [3] . Aiming to explore the numerical interaction between temperature and leaf wetness in the coffee rust intensity, it was proceeded the weighted product of disease intensity for each treatment, in order to compose a matrix similar to that adopted by Garçon et al. [8] , studying chemical control of the coffee rust. There were adopted leaf wetness levels of 6, 12, 18, 24 and 48 hours and average air temperatures of 15, 20 and 30 °C. Treatments of temperature and leaf wetness were conducted separately in growth chambers under controlled conditions. The fungi inoculation was carried out with an atomizer. The volume of 0.25 ml of a suspension of fresh uredospores, race II, in concentration of 2 mg.L until the point of bleeding. Four disease evaluations were conducted observing the central leaf of all trifoliate leaves of each plant. Then, the percentage of trifoliate leaf with signs of disease was determined. Experimental details can be obtained on Alves et al. [2] . Disease intensity was based on the area under disease progress curve (AUDPC), calculated in function of soybean rust incidence data along the time, according to Shanner & Finney [30] , considering each combination of temperature and leaf wetness in Suprema cultivar, susceptible to rust. In relation to fuzzy logic system development, a fuzzy set describes the degree to which an element belongs to a set. The fuzzy set allows the representation of values between 0 and 1, in order to characterize the degree of relevance of a component for a given set [10, 33] . Thus, considering X an universe of objects denoted by x, a fuzzy set A related to temperature, leaf wetness or disease intensity can be defined as a set of ordered pairs [10]:
, with 0.125% Tween 80, was sprayed on the surface bottom of each leaf of the first pair well developed. The plants remained in a chamber alternating 12 hours of light and 12 hours of darkness until the date of the disease injuries evaluation [3] .
is considered a membership function for the set A. This membership function maps each element of X to a membership grade between 0 and 1.
In the early stage of coffee and soybean fuzzy logic development, gaussian membership functions where set up in five categories related to inputs of temperature and leaf wetness for coffee and soybean, and output AUDPC for soybean and number of injuries per leaf, for coffee [10]:
where c and σ are the center and the width of the membership function, respectively, and x, the variables or universe of discourse. The fuzzy sets were classified as very low, low, medium, high and very high. Later it was specified a set of rules related to the known relationships about variables interaction, expressed in linguistic terms by if-then statements. A fuzzy rule, also known as fuzzy implication or fuzzy condition, was built as follows [10,14]: If s is M then w is N, where M and N are linguistic terms defined by fuzzy sets in the universe of discourse M and N, respectively. In this case, s is called the antecedent or premise, while w is the result or conclusion. An example of rules applied to rusts epidemiology, can be: If the temperature is high (above 30 º C) and the period of leaf wetness is low (less than 6 h), then, rust intensity is low.
The fuzzy logic systems used the min of Mamdani implication operator [18] due to its intuitiveness and widely acceptance, translating better human experience and the method of composition of limited sum, chosen due to the nature of the rules, considering that each variable defined an increase or decrease in the
occurrence of rust, similarly adopted by Vargens et al. [35] . The choice of the defuzification method can make significant impact on the speed and accuracy of fuzzy controller and was configured with the centroid method. In this method, a discrete value u* is considered as the geometric center of output of a fuzzy value ( ) u out µ , formed by the union of the contributions of all rules with fulfill degree greater than 0. The center is the divider point of the area under the curve ( ) u out µ in two equal parts, so that the defuzification output is defined by [33] :
The complementary nature of fuzzy systems and neural networks, make a basis for their synergistic use. In this case, fuzzy systems are endowed with the neural networks capacity of learning, with the aim of making them more adaptive. Despite fuzzy and neural approaches present themselves with remarkable properties when used individually, its synergistic use extends the benefits in applications by the possibility of using both methodologies advantages for a common purpose [33] . To develop the neuro-fuzzy systems, there were set up parameters of gaussian functions and linguistic rules through a neural network [9,10,11, 33]. The system used the Sugeno implication operator [31, 32] , due to its easiness of adjustment and optimization to build fuzzy logic systems from neural networks [10] . In sugeno fuzzy type systems, the consequence is a discrete function of the input variables, f j (x), rather than a fuzzy proposition [17, 32] is the rules' firing strength or fulfill degree, defined by:
Neural networks were trained with the hybrid learning algorithm, introduced to speed up the learning process described in Qin & Yang [26] .
From neural networks with 35 nodes, it was set up 9 linear parameters, 12 nonlinear parameters, 3 membership functions for temperature, 3 membership functions for leaf wetness and 9 fuzzy rules, for both coffee and soybean rust patosystems. Both neuro-fuzzy systems were configured with the following parameters: AndMethod = prod, OrMethod = probor, ImpMethod = min, AggMethod = max, DefuzzMethod = wtaver.
For the regression models development, the significant variables in F test where submitted to linear and nonlinear regressions in order to represent the interaction between temperature and leaf wetness dependent variables and disease intensity independent variable. The linear regression models where defined by [34] 
where Y and X are the independent and dependent variable, respectively, α, the parameters and ε, the error. Models were fit by the least-squares method 
In this case, the fit was defined by the QuasiNewton method described in Jang et al. [10] .
The fuzzy, neuro-fuzzy systems, linear and nonlinear regression models were compared with the observed and predicted data of disease intensity for both studied patosystems, in order to determine which method was closer to the observed values.
The r-square (R 2 ), adjusted r-square (adj.R 2 ) and root mean squared error (R.M.S.E.) statistic measures were used to verify how successful the fit was to explain disease data. The R 2 and adj.R 2 with a value closer to 1 and the R.M.S.E. value closer to 0 indicated a better fit of the model [7] .
Results and Discussion
Using linear, nonlinear regression and neuro-fuzzy systems, it was possible to obtain functions to represent the interaction between temperature and leaf wetness in the intensity of coffee and soybean rusts based on experimental databases, using training or fitting algorithms. In the fuzzy systems development, the membership functions and rules where defined based on expert information. The output control surfaces where developed in order to describe the behavior of the models according to the input and output variables (Figures 1 and 2) .
Assessing the error coefficients, there were, greater accuracy of the neuro-fuzzy systems and fuzzy logic systems followed by nonlinear regression and linear regression models, respectively (Figures 1 and 2) . According to Odhiambo et al. [25] , fuzzy model accuracy depends on the shape of membership functions and the control rules built by trial-and-error methods, however, the neuro-fuzzy approach has advantages of elimination of trial and error drawback, which combines the advantages of fuzzy logic and artificial neural networks. The neural component provides supervised learning capabilities for optimizing the membership functions and extracting fuzzy rules from a set of input-output examples selected to cover the data hyperspace.
Pinto et al. [22] studying multiple regression and neural networks to describe coffee rust epidemics considering biophysical variables, in Lavras, Minas Gerais, Brazil, also noted better performance of neural networks to describe the epidemics, based on disease incidence data.
Regarding the best results of nonlinear regression when compared to linear regression, Rosse et al. [29] assessing the stability of phenotypic genotypes of sugar cane plants, also observed advantage of nonlinear regression when compared to linear regression, in order to the best description of the biological behavior of the studied species.
In relation to soybean rust studies, Reis et al. [27] also drew up a model to forecast soybean rust based on temperature and leaf wetness data. According to the authors, the nonlinear regression model was adequate to represent soybean-rust patosystem and will be validated in field experiments with natural infection.
It is worth emphasizing that the results obtained with this study may have differences when compared to other rusts epidemiology studies, according to the genetic variability of rusts, hosts and its location on the Earth [1].
However, regarding the applied methodology of analysis, it was possible to verify the potential of using neuro-fuzzy and soft computing techniques in plant disease epidemiology. 
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